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In tro d u c tio n
R esearchers m ust frequently consider the directionality o f  relationships betw een variables 
w hen linking variables as well as w hen positing construct-to-construct relationships or w hen 
relations are specified at a higher order level o f  abstraction (W ilson, Callaghan & Stainforth, 
2006). The psychom etric literatures have been particularly m indful o f  these path directionality 
issues w ith m easurem ent m odel specifications (item -to-construct directionality being either 
reflective or form ative in orientation2) .
Chin (1998b, p. IX) has recognised that, “a com m on and serious m istake often com m itted by 
research is used to  inadvertently apply formative indicators in a (covariance-based) SEM  
analysis.” This m easurem ent m odel specification concern has also been em pirically proven by 
Jarvis, M ackenzie and P odsakoff (2003) w ho highlighted the m agnitude o f  the problem . They 
found that 29%  o f  constructs w ere m odeled incorrectly. In the m ajority o f  cases item s should 
have been treated  in a form ative fashion but w ere analyzed as i f  they w ere reflective in nature.
The objective o f  this paper is to  revisit the relatively sim ple path analysis procedure to  help 
explore issues o f  causal direction betw een variables o f  interest. In v iew  o f  his enorm ous 
contribution to  this field w e refer to  it as “C ohen’s path m ethod” in this paper. W e consider the
1 We would like to acknowledge the inspiration and direction for this research through the excellent conference and 
journal submissions of Heshan Sun and Ping Zhang. They were also very helpful in email correspondence in 
clarifying matters of analytical process. We would also like to thank Paul Cohen for answers to our queries.
2 We expect that the reader is familiar with basic measurement concepts such as reflective and formative measures 
and their unique characteristics. The interested reader is recommended to review Bollen & Lennox (1991); Chin 
(1998a), and Jarvis, MacKenzie & Podsakoff, (2003).
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m ethodological issues using a sim ple path example. W e believe that social scientists focus on the 
vast array o f  fit m easures and predictive diagnostics that currently exist w ithin CB SEM  and PLS 
and perhaps do not consider directionality issues post hoc or the investigation o f  alternative 
m odels. In the theoretical developm ent and m odel building stage assum ptions are m ade about 
causal direction and are often not revisited. N ot considering directionality issues w ith alternative 
m odels post hoc may be a small problem  w hen the m odel is based on extrem ely well established 
theoretical underpinnings but this is often not the basis from  w hich theorists are w orking from.
C o h e n ’s P a th  A nalysis M e th o d  a n d  its A p p lica tio n
M ore sophisticated techniques to  investigate path directionality exist, including Exploratory 
Tetrad A nalysis (G lym our, Scheines, Spirtes, Kelly, 1987)] and Confirm atory Tetrad Analysis 
(CTA ) (Bollen & Ting, 1993; Ting, 1995) and covariance-based structural equation m odeling 
(CBSEM ) techniques v ia nested chi-square tests analysis techniques. H ow ever, these approaches 
are com plex and require com putational approaches that are not yet w idely used. The sim plicity o f 
C ohen’s path analysis therefore offers advantages to  a range o f  research contexts.
Sun & Z hang (2006) distinguish betw een the “ connectedness” (w hich is addressed in SEM  
approaches) and the actual directionality issues in investigating causal relationships and highlight 
the lim itations o f  currently used approaches. The consequences o f  failing to  explore alternative 
causal representations in establishing the “best” underlying causal sequence is clearly very 
im portant in m arketing w here often the theoretical underpinnings are com paratively weak. It may 
also influence other decisions such as the choice o f  an appropriate data analysis m ethod and the 
num ber o f  item s that are necessary in the questionnaire representing a particular construct. Bollen 
and L ennox (1991) believe that i f  the m easures are reflective, a small sam ple o f  m easures from  
the population o f  m easures o f  the construct is sufficient to  represent the construct.
The sim ple principle involved in C ohen’s path analysis (Cohen et al., 1993) is that estim ated 
correlations based on path analysis should be as close as possible to  the actual correlations. 
Cohen et al. (1993) describe it as a generalization o f  m ultiple linear regression that builds m odels 
w ith causal interpretations. The first stage in the analysis procedure is to  calculate the actual 
correlation coefficients betw een all m odel variables (see Table 1 for a presentation o f  the specific 
actual correlations for the linkages in Figure 1). These actual correlation estim ates are then 
com pared w ith estim ates derived from  calculations involving the original (M odel 1) and the 
alternative m odel (M odel 2) w here the one alternative causal link is involved. The substantive
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theoretical detail o f  the m odel is not germ ane to  this paper. The data is from  a com m ercial 
m arketing research study on m eat consum ption w here the dependent variable was num ber o f  
servings o f  red  m eat consum ed per w eek w ith  X 1 to X 5 considered variables that m ight im pact on 
this and included perceived health  benefits, top o f  m ind aw areness, price perceptions and 
advertising recall. The nodes represent these variables or constructs. PLS path  m odel estim ation 












Tab le  1: Node and L in k  C o rre la tio n s
Rig la .  O rig ina l IVlodel F ig  1b. A lte rn a tive  Model. Node 3 and 4 Reversed.
Cohen, Carlson, B allesteros & St A m ant (1993) observed that w hen exam ining paths betw een 
independent (X) and dependent (Y) variables in  a path  m odel, analysts can utilize tw o basic rules 
extending Sewall W rights’ original path  analysis rules. These rules enable the researcher 
investigate all the relevant paths betw een variables in the m odel. These are stated as:
1. A  path  cannot go through a node twice.
2. O nce a node has been entered by an arrow head, no node can be left by an arrowhead.
The estim ated correlations for each m odel and betw een any tw o variables linked by various
paths can be estim ated by considering all direct and indirect relationships. The total effects are 
com pared to  the actual correlations (A ppendix 1) for each m odel. The actual coefficients m ay 
derive from  SEM  or related procedures that fit the overall m odel.
In this case m odel total squared errors are 0.035 for M odel 1 and 0.082 for M odel 2. The error 
changes from  M odel 1 to  M odel 2 indicated that the TSE changed by 130%  (0.082-0.035/0.035). 
To em ploy another Cohen contribution the effect size is calculated using C ohen’s d form ula 
(Cohen, 1988) (see equation 1). Cohen (1988) indicated an effect size o f  0.2 is small, 0.5 as 
m edium  and greater than 0.8 as large. The Cohen d value estim ated for the difference betw een 
these m odels is 1.65 indicating that M odel 1 is to  be strongly preferred:
d  = TSE2 -  TSE1 / a  (1)
w here a  is the pooled standard deviation o f  the TSE values.
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D iscussion  a n d  C onclusions
C ohen’s path m ethod needs to be regarded as exploratory in establishing causal relationships 
rather than definitive. C ohen’s path m ethod is appealing w hen theory or the literature in an area 
do not offer clear guidelines on causal directions.
The approach is not w ithout lim itations. O ne of the m ost im portant lim itations is the use of 
correlations that do not take into account the error w ithin the m easures and by default constructs 
( if  investigating structural m odels). This error becom es m ore im bedded w ithin a structural m odel 
w hen utilising PLS m odeling approaches. W e therefore recom m end that this exploratory 
technique be used w hen item  and construct reliabilities are relatively high. The consistency at 
large assum ption w ith PLS may overcom e this to  a degree (Dijkstra, 1983). Issues o f  attenuation 
may also need to  be explored further as they affect the underlying correlations. Secondly, the 
decision rule in accepting the m odel result w ith the low est total squared error is sensitive to 
variable “noise.” Cohen et al. (1993; 1994) suggest that other decision heuristics be evaluated to 
supplem ent the total squared error (TSE) estim ates. W e urge further sim ulation research in this 
area to  ascertain TSE robustness.
Finally, it is im portant to  acknow ledge that there are now  other quantitative techniques that 
assist w hen solving path direction questions w ith non-experim ental designs. For instance, 
Exploratory TETRA D  analysis, (G lym our et al., 1987), Confirm atory3 TETRA D  analysis and 
C B SEM  nested tests can be considered. In addition Jarvis et al. (2003) provide a com prehensive 
series of qualitative decision rules for exam ining the form ative versus reflective issue in 
m odeling. Cohen et al. (1993) and G regory & Cohen (1994) have also integrated an algorithm  
w ith C ohen’s path m ethod that finds the m ost plausible causal path given the data at hand. The 
C ohen’s path m odel algorithm  runs through all variable path com binations4 (not ju s t the one path 
that w e have illustrated here). This w ork  and the algorithm  offers m uch potential for future 
research and subsequent integration w ithin PLS software packages. W e believe researchers can 
probably benefit from  using a com bination o f  both exploratory and confirm atory approaches in 
m ost research instances. Future validation studies u tilizing experim ental designs is the ultim ate 
goal.
3 We realise that directionality can never be confirmed “per se” and do not have the space required to discuss the 
varying opinions on the philosophy of causation. Experimental design methods are ideal but often not practical in 
complex SEM models to implement. This point is more in reference to the method being “confirmatory” in that is 
fixes a specific path for investigation. E.g., Confirmatory Tetrad Analysis (Bollen & Ting, 1993).
4 2N2 is the total number of models explored by the algorithm. Where N = no. of variables.
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1-6 none 1-5-6 0.152 0.315 0.330 0.00023 1-6 none 1-5-6 0.152 0.288 0.330 0.00179
1-5-3-6 -0.019 1-5-3-6 -0.019
1-3-6 0.112 1-3-6 0.112
1-4-6 0.051 1-4-6 0.051
1-3-4-6 0.019 1-5-3-6 -0.008
2-6 none 2-1-5-6 0.011 0.207 0.150 0.00326 2-6 none 2-1-5-6 0.011 0.207 0.150 0.00329
2-1-3-6 0.008 2-1-3-6 0.008
2-3-4-6 0.012
2-1-4-6 0.004 2-1-4-6 0.004
2-3-6 0.069 2-3-6 0.069
2-4-6 0.092 2-4-6 0.092
2-3-4-6 0.012 2-4-3-6 0.026
2-1-3-4-6 0.001
2-1-5-3-4-6 0.000 2-1-5-3-6 0.000
2-1-5-3-6 -0.001 2-1-5-3-6 -0.001
3-6 3-6 3-4-6 0.075 0.505 0.620 0.01327 3-6 3-6 none 0.430 0.620 0.03610
4-6 4-6 none 0.340 0.290 0.00250 4-6 4-6 4-3-6 0.095 0.435 0.290 0.02091
5-6 5-6 5-3-4-6 -0.009 0.349 0.280 0.00482 5-6 5-6 5-3-6 -0.052 0.358 0.280 0.00615
5-3-6 -0.052
1-2 2-1 none 0.070 0.043 0.00073 1-2 2-1 none 0.070 0.043 0.00073
1-3 1-3 1-5-3 -0.044 0.216 0.265 0.00244 1-3 1-3 1-5-3 -0.044 0.216 0.265 0.00244
1-4 1-4 1-3-4 0.057 0.197 0.170 0.00075 1-4 1-4 1-3-4 0.057 0.207 0.170 0.00138
1-5-3-4 -0.010
1-5 1-5 none 0.370 0.400 0.00090 1-5 1-5 none 0.370 0.400 0.00090
2-3 2-3 2-1-3 0.018 0.175 0.150 0.00063 2-3 2-3 2-1-3 0.018 0.175 0.150 0.00063
2-1-5-3 -0.003 2-1-5-3 -0.003
2-4 2-4 2-3-4 0.035 0.305 0.280 0.00064 2-4 2-4 none 0.270 0.280 0.00010
3-4 3-4 none 0.220 0.260 0.00160 3-4 3-4 none 0.220 0.260 0.00160
3-5 5-3 none -0.120 -0.180 0.00360 3-5 5-3 none -0.120 -0.180 0.00360
4-5 none -0.07 4-5 none 5-3-4 -0.0264 -0.026 -0.07 0.00190
Total Squared error (TSE) 0.03537 Total Squared error (TSE) 0.08152
A p p en d ix  1. T he  R esu lts  o f P a th  A nalysis fo r  M odels 1 a n d  2.
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